Abstract. Machine vision based citrus yield mapping and fruit quality inspection system was
Introduction
Citrus is a major industrial crop for the Florida economy. Manual citrus harvesting has been used many years in Florida. However, significant efforts have been devoted to improve productivity and mechanize the harvesting of the Florida citrus crop . The usage of mechanical harvesting system has been comparatively increasing in the last several years because of increasing cost of hand harvesting operations. In Florida, today two types of mechanical harvesters are being used . One is a trunk shake harvester that shakes a tree trunk, consequently fruit will drop to the ground and then dropped fruit is picked up manually. The second one is a canopy shake and catch harvester. It shakes tree canopies causing fruit to fall onto catch frame. Then fruit would be carried through the conveyor system to the goat-like trucks. Buker et al. (2004) studied the effect of mechanical harvesting to tree health and yield reduction over 10 years. They found that there was no negative effect on overall fruit yield although the harvester made bark injuries and leaf loss to citrus trees.
One of the major goals of all citrus growers is to increase yield, fruit quality and profit by applying advanced management practices to the groves. A yield mapping is one of the viable precision technologies since in-grove variability of nutrients, tree size, soil types, etc. always exists. It allows growers to know where a site-specific management would be beneficial. A number of yield monitoring and mapping systems were studied and developed for various fruits and crops such as potatoes (Campbell et al., 1994) , peanuts (Vellidis et al., 2001) , silage (Lee et al., 2005) , cotton (Perry et al., 2005) , and citrus (Whitney et al., 2001; Annamalai et al., 2004; MacArthur et al., 2006; Grift et al., 2006; Kane and Lee, 2006; Chinchuluun and Lee, 2006) . Yield monitoring can be done either early season when fruit is on trees (Annamalai et al., 2004; MacArthur et al., 2006; Kane and Lee, 2006; Chinchuluun and Lee, 2006) or harvesting season when fruit is harvested. In earlier research for citrus yield mapping (Whitney et al., 2001) , yield was defined by the number containers or tubs in a grove. However, other researchers (Annamalai et al., 2004; MacArthur et al., 2006; Grift et al., 2006; Kane and Lee, 2006; Chinchuluun and Lee, 2006) developed yield mapping systems that used more advanced technologies such as machine vision and weighing systems so that yield per unit area could be determined. In a machine vision system, recognizing the fruit along with its characteristics such as size, external color, blemishes and presence of defects from images would be the first step. A numerous machine vision oriented applications were investigated in precision agriculture and remote sensing such as fruit grading by external and internal qualities, yield mapping, determining bruised areas, finding calyx, classifying forest image, etc.
Fruit quality inspection system is an important step in fruit production and marketing. Fruit external quality inspection and grading systems are usually based on color, bruises, stem, calyx, blemish, disease and insect damage. A number of such systems were developed for apple (Leemans and Destain, 2004) , potato, lentil (Shahin and Symons, 2001 ) and citrus (Whitney et al., 2001; Aleixos et al., 2000) . Fruit size is also one of the most important factors that customers recognize. Koning et al. (1994) developed machine vision systems to grade potato by its size.
A variety of classifiers were used to identify fruit from background in image processing. Classification methods include neural network, Bayesian classifier and discriminant analysis based on different features of fruit surface. Leemans and Destain (2004) used a Bayesian classifier to detect defects on 'Jonagold' apple. They reported that most of the defects were extracted except russets, since russet was sometimes confused with the transition area between ground and blush color. Marchant and Onyango (2003) compared a multilayer feedforward neural network classifier with a Bayesian classifier for classifying color image pixels into plant, weed and soil. They found that the Bayesian classifier outperformed the neural network in the sense of total misclassification error. However, if the number of features increased, more than five or so, the Bayesian classification was infeasible. Thus they recommended using Bayesian classifier over feed-forward neural network when the number of features was few enough to require a feasible amount of storage.
As fruit occlusion is a major obstacle for outdoor machine vision and robotic harvesting systems, Beucher and Lantuejoul (1979) developed a watershed segmentation method. Casasent et al. (2001) segmented nuts from X-ray images using the Watershed transform. Lee and Slaughter (2004) used the modified Watershed transform for separating occluded tomato plant leaves.
Besides color analysis in the visible range, near infrared (NIR) spectrum plays an important role in precision farming. Aleixos et al. (2000) developed a citrus fruit inspection system using a machine vision in a controlled environment. In this system, CCD and NIR cameras were used to estimate fruit size and shape, detect blemishes and classify them by color. Although they tried to singularize fruit while passing through an inspection system, individualizing mechanism did not work efficiently. Thus, they allowed traveling several fruit at same time. Another problem was fruit touching when they tried to extract contours of individual fruit.
The objectives of this study were to build a real-time system and test it on a canopy shake and catch harvester. More specific objectives are:
1. To build hardware and software components of a real-time citrus yield mapping system that is able to count number of fruit, and measure size of fruit for individual tree or unit area on a citrus canopy shake and catch harvester. Moreover, the system will record locations of each tree using a positioning system. 2. To develop image processing algorithm to recognize individual fruit and measure its size and 3. To test the complete system in a commercial citrus grove.
Materials and methods

Hardware design of a machine vision system
A hardware system to acquire high quality images for a machine vision based yield monitoring system was designed and built. The system consisted of a 3CCD progressive scan digital color camera (HV-F31, Hitachi Kokusai Electric Inc, Woodbury, New York), four halogen lamps (Master Line Plus 50W GU5.3 12V 38D, Phillips Electronics, Atlanta, GA), a laptop (CF-51, Panasonic, Secaucus, NJ), and a data acquisition card (DAQCard-6036E, National Instruments, Austin, TX). Polarizing filters (25CP, Tiffen Co. LLC, Hauppauge, NY) were placed at the front of the each lamp as well the camera to remove glare from the lamps. The multithreading system software was developed under Microsoft Visual C++ 6.0 MFC/COM and ImageWarp (BitFlow Inc., Woburn, MA).
A housing for the camera and lamps was built with an aluminum sheet (6.35 mm thick) to hold the lamps and the camera for image acquisition. The housing was also used to keep the sun light from going in the conveyor belt. Appropriate heights of the camera and lamps were determined such that high quality images could be acquired with uniform illumination. The camera and illumination housing were installed on the testing bench at the Citrus Research and Education Center (CREC), Lake Alfred, Florida and tested. Figure 1 shows the machine vision system and its housing for a yield mapping system. The machine vision system was also tested in a commercial canopy shake and catch harvester (Freedom Series 3220, Oxbo International Corp., Clear Lake, WI) (Figure 2a) . At the time when fruit were passed through the conveyor system, images of every individual fruit were acquired. The housing was installed on the conveyor system accordingly as shown in Figure 2b 
Image acquisition and processing
An algorithm for counting the number of fruit and measuring the size was developed and tested on the testing bench at the CREC Housing for a camera and illumination were added up for images of every test in order to see how they were correlated with actual fruit weights.
In addition, the system was tested on a commercial canopy shake and catch harvester at the Lykes grove located in Fort Basinger, FL on March 1 and March 7, 2007. A total of 773 images were taken as well. Since the conveyor belt moved with fruit continuously at the speed of 1.67 m/s, non-overlapped images had to be captured every 245 milliseconds. The processing time for acquiring an image and analyzing it is crucial in such real-time machine vision system. The image acquisition was synchronized using a hall-effect. To extract individual fruit from background in a color image, HSI (hue, saturation and intensity) and YIQ color models were used in color classification.
Image processing algorithm
First image analysis was done in the images taken in the test bench. A total of 60 images were used for fruit and background sampling. The detailed image processing steps are shown in Figure 3 . The system software could be run in two modes: real-time and post-processing. In the real-time mode, the software first acquired images, ran image processing algorithm and finally saved both an original image and analyzed image in a hard drive. However, in the post-processing mode, the software only saved acquired images in a hard drive providing highest running speed. The software was mostly run in post-processing mode. For the color segmentation, the well known and robust Bayesian classifier with normal distribution was developed in this research.
Bayesian classifier
In the segmentation, the 'saturation' component of HSV and the 'I' component of YIQ color model were chosen since they gave higher discriminations between fruit and background than other color components. Color segmentation of fruit is thus considered as a classification process of each pixel into 'fruit' and 'background' classes based on the pixel values using the following equations.
Where, x = vector consisting of 'Saturation' and 'I' components of fruit class. 
Finally, classification function can be defined as in equation (4) 
One problem occurred in Bayesian classification is choosing prior probabilities. The coverage of fruit pixel would change from image to image, hence the priors are not really known for any individual test cases. Marchant and Onyango (2003) advised to choose equal prior probabilities in these situations. However, in our randomly sampled images, some images had no fruit, but some of them had full coverage of fruit. Therefore, our prior probabilities in this study are defined as follows: Figure 5 . Discriminant function between fruit and background classes.
Thus, it was found that P(fruit) = 0.22 and P(background) = 0.88 using the sample images.
Discriminant function for field trial was found on 'I' and 'hue' as shown in Figure 5 . For this experiment, the image processing algorithm was applied to the 609 images that were taken in the test bench at the CREC. Color segmentation algorithm was started by image acquisition (Figure 6a ) and followed by Bayesian classification (Figure 6b ).
Result and Discussion
After Bayesian classifier, morphological operation removed non-fruit pixels that came into fruit regions. Finally only fruit regions were extracted (Figure 6c ). Since some neighboring fruit regions joined each other, watershed transform separated them into individual fruit (Figure 6d ). Table 1 summarizes the test-bench experiment results by the image analysis.
A regression analysis was conducted on fruit parameters that were found by the image analysis ( Figure 7 ). Interestingly comparison between actual weight and sum of fruit diameters gave the highest coefficient of determination, 0.962 (Table 2) . 
Color segmentation result -Field test
The system was tested on a commercial canopy shake and catch harvester (Freedom Series 3220, Oxbo, Clear Lake, WI) at a commercial citrus grove (Lykes grove, Fort Basinger, FL) two times. Each time, fruit weight was measured using a balance (RW-05S, CAS, Korea). Working at the real harvester was different than working at the test bench. First problem was that sun light came from under the conveyor system, so that image lighting was not always uniform, which added a complexity to the image classification. The second problem was machine vibration. Vibration caused system operations malfunctioning, such as disconnection of hardware component wires, and data acquisition card was sometimes pulled out. Color sampling has been done again from 60 images that were taken at the Lykes grove and Bayesian classifier was developed. The Bayesian classifier worked relatively well on the nonuniform images. Figure 9 . Circular filtering result for field experiment 2.
As result of morphological operations, some fruit regions were incorrectly decreased. Consequently incorrect segmentation makes harder for individual fruit extraction (Figure 8d) . A result of Bayesian classifier is a binary image consisting of white (fruit) and black (background) pixels. Breunig et al. (2000) investigated detecting outliers from large data sets based on a local density. An outlier is defined as an isolated object with respect to the surrounding neighborhood. The decision for detecting outlier objects is the following: Our objective is to cluster objects or fruit pixels from a binary image. The circle radius was chosen as two pixels based on several trials. The density threshold value was chosen too. The result of density cluster or circular filtering is shown in Figure 9 from Figure 8b .
Image processing algorithm of the field experiment with circular filtering was applied to 60 images. The number of fruit was extracted by human counting and algorithm counting. The coefficient of determination was 0.891 ( Figure 10 ).
Conclusion
A citrus yield mapping and fruit quality inspection system on a canopy shake and catch harvester was developed successfully. The system was tested on a test-bench as well as on a commercial canopy shake and catch harvester. The sum of areas, the number of fruit and the sum of fruit diameters were extracted using an image analysis from the set of images for the test-bench trial. The coefficients of determination of the sum of areas, the number of fruit and the sum of fruit diameters against actual fruit weight were 0.962, 0.892 and 0.963, respectively. Moreover, the coefficient of determination between the number of fruit counted by image processing algorithm and human counting was 0.891 for the commercial harvester trial.
However, the system needs further improvements. Image acquisition regarding speed and quality of images need to be improved. Watershed analysis should be studied further in order to better separate individual fruit more successfully.
